Introduction
In implementing any control programme, understanding where at-risk populations live is fundamental for appropriate geographical targeting of resources and cost-effective control. Used appropriately, geographical information systems (GIS), remote-sensing (RS) and spatial analysis have an as-yet unrealised potential as tools for standardized programme surveillance and implementation (Kamel Boulos 2004; Brooker et al. 2005a ). Numerous studies have been undertaken using satellite-derived environmental data to predict the distribution, abundance and prevalence of diseases and their vectors, including malaria (Hay et al. 2000; Rogers et al., 2002) , leishmaniasis (Elnaiem et al. 2003) , filariasis (Lindsay & Thomas 2000) , trypanosomiasis (Rogers 2000) and schistosomiasis (Brooker et al. 2001; Malone et al. 2001; Brooker et al. 2002a Brooker et al. , 2002b Moodley et al. 2003; Kabatereine et al. 2004 ). Although a useful benchmark for future applications of disease mapping in Africa, using accessible and practical methods, these approaches could be improved upon by assessing uncertainty, which is inherent in all aspects of disease mapping, including the data, models, analyses and predictions (Elith et al. 2002) and by incorporating the spatial structure of the data. Maps that include estimates of uncertainty in model outputs can allow more informed and objective decision-making in relation to targeted disease control, as the control programme managers gain greater appreciation of decision risk.
Bayesian methods, which offer a flexible and robust approach, are increasingly being applied to spatial analysis, disease mapping and decision-making (Best et al. 2005) . They provide convenient platforms for incorporating spatial correlation and by modelling both the observed data and any unknowns as random variables, they can incorporate uncertainty into the modelling process. Initially derived for use and now frequently employed in small-area analyses of chronic, non-infectious diseases (Best et al. 2005) , Bayesian approaches have recently been used to study the geographical distribution of tropical diseases, both at a large scale, including malaria (Gemperli et al. 2004 ), and at a smaller scale, including filariasis (Alexander et al. 2000) , malaria (Diggle et al. 2002) , onchocerciasis (Carabin et al. 2003) and Schistosoma mansoni infection (Raso et al. 2005) . While the use of these spatial analytical methods is an attractive research objective, they have been little applied in the context of large-scale disease control and there remains a need to document the applicability of GIS, RS and spatial analysis as tools for enhanced planning and implementation of largescale disease control programmes.
The aim of the present study was to produce accurate, validated prevalence surface maps for both S. haematobium and S. mansoni infections in northwest Tanzania in order to spatiallydefine an implementation strategy based on mass treatment with praziquantel. An additional aim was to investigate the confidence of the prevalence predictions to inform decisions on whether sufficient data were collected to exclude areas from mass treatment. The applicability of the methods and the implications of the results are discussed in the general context of large-scale disease control programmes.
Methods

Context: control programme and study area
The study was conducted in the context of a national schistosomiasis and soil-transmitted helminths (STH) control programme in Tanzania, which was established in 2003 with support from the Schistosomiasis Control Initiative (SCI) and funded by the Bill and Melinda Gates Foundation. Following WHO guidelines, the programme classifies communities on the basis of prevalence of schistosomiasis in school-age children, according to three strategies: 1) schools where prevalence is <10%, praziquantel is to be made available in local health centres, 2) schools where prevalence is 10 -50%, mass treatment of all school age-children in the community is conducted and 3) schools where prevalence is >50%, mass treatment of all school age children plus other high-risk groups in the community is conducted. Because of the widespread distribution of STH in Tanzania, albendazole is co-administered with praziquantel.
In the first year of implementation (2005), five regions 1 in coastal Tanzania and six regions in northwest Tanzania will be targeted for mass drug administration. Our study was conducted as part of the intervention in northwest Tanzania. For logistical reasons, data collection was limited to a 670 × 530 km area incorporating Kagera, Mwanza, Shinyanga and Tabora regions (see inset, Figure 1) , with the aim of making spatial predictions in all six regions (including Mara and Kigoma).
Data collection
Parasitological data were collected from at least 60 children (range 60-65) in each of 143 primary schools in northwest Tanzania. Sample sizes (including numbers of schools and children within schools to be surveyed) were determined using simulation studies, based on existing data (Lwambo et al. 1999) . Lists of schools from the regional basic education statistics reports were used as the sampling frame. Coordinates of the schools were not available and stratification was conducted according to districts. No two schools were selected from the same ward to ensure good geographical coverage of the district. Sampling started with grade 6 and proceeded down through the grades until 30 boys and 30 girls were selected. If surplus students were present, systematic random sampling was employed. Overall, students were aged 6-22 years, with a mean, median and mode age of 14 and 95% of students were aged between 11 and 17. Urine and stool samples were collected from each student and processed. Egg counts were conducted according to standard parasitological procedures on a single slide from each urine sample and two Kato-Katz slides from each stool sample. Ethical approval was obtained from the Ethical Review Board of National Institute of Medical Research (NIMR), Tanzania and the National Health Service Local Research Ethics Committee (NHS-LREC) of St Mary's Hospital, London, UK (EC Number: 03 36).
Variable selection
Environmental data included satellite-derived mean land surface temperature (LST) and normalized difference vegetation index (NDVI) for 1982-1998, obtained from the National Oceanographic and Atmospheric Administration's (NOAA) Advanced Very High Radiometer (AVHRR), elevation, obtained from an interpolated digital elevation model from the Global Land Information System (GLIS) of the United States Geological Survey (http://edcwww.cr.usgs.gov/landdaac/gtopo30/), annual rainfall and the location of inland water-bodies. These data were imported into the GIS ArcMap version 8.1 (ESRI, Redlands, CA) and linked according to location to the parasitological data.
Although intensity of schistosome infection has greater relevance to transmission dynamics and morbidity (Anderson & May 1991) , prevalence of infection, based on microscopic examination of schistosome eggs in stool or urine samples, remains the most widely used indicator of infection status and is employed by WHO in making recommendations for control. Binomial logistic regression models were constructed in Stata/SE version 8.1 (Stata Corporation, College Station, Texas). Univariable logistic regression was conducted and variables with Wald's P >0.2 were excluded from further analyses. Collinearity was investigated among all possible pairs of potential predictor variables and if any pair had a correlation coefficient >|0.9|, the member of the pair that was thought less likely to be biologically important was excluded. With the remaining variables, backwards-stepwise binary logistic regression was conducted using Wald's P >0.1 as the exit criterion and P ≤0.05 as the entry criterion. Non-linear relationships were examined using scatter-plots and entry of categorised predictor variables into the models. In the final model for S. haematobium, minimum LST (categorised into <35°C, 35-39°C and >39°C) and annual rainfall (categorised into <1050 mm and ≥1050 mm) were included as predictors. In the final model for S. mansoni, distance to perennial water bodies (categorised into <0.04, 0.04 -0.1, 0.1 -0.4 and >0.4 decimal degrees) and annual minimum temperature (as a continuous variable) were included.
Spatial and non-spatial Bayesian modelling
Spatially-explicit binomial logistic regression was undertaken in WinBUGS version 14 (MRC Biostatistics Unit, Cambridge, UK) with the predictor variables identified above entered as fixed-effects and the spatial structure of the residuals modelled as a Gaussian stochastic process using a geostatistical design (Diggle et al. 1998 ). Separate models were developed for S. haematobium and S. mansoni, including a Bayesian geostatistical model with covariates and a Bayesian geostatistical model without covariates for each of the two parasitic infections. The reason for including/excluding the covariates was to determine if this had an affect on the fit of the model and to determine whether the covariates accounted for part or all of the spatial correlation in the parasitological data. Additionally, binomial logistic regression models were constructed with the selected predictor variables included as fixed-effects, but without explicitly considering the spatial dependence structure of the data. Again, this was to determine the impact of including the spatial random effect on the fit of the model and also to determine the affect of accounting for spatial correlation on the credible intervals of the coefficients of the selected covariates. Detailed descriptions of the structure of the Bayesian geostatistical models and the process of model assessment are described in Appendix 1.
The deviance information criterion (DIC) statistic was calculated for the Bayesian geostatistical models with and without covariates and the fixed-effects models to determine statistically if addition of the geostatistical component and/or covariates improved model fit (models with a lower DIC statistic are considered to demonstrate a better fit). Maps of the summary statistics of the posterior distributions of predicted prevalence and the spatial random effects were then constructed using ArcMap version 8.1. More details on how spatial predictions were made at non-sampled locations are provided in Appendix 2.
Model validation
Validation was undertaken using independently-collected parasitological data from 54 schools in Magu district (Lwambo et al. 1999) . Predicted prevalence at validation locations was compared to observed prevalence (the gold standard) using receiver operating characteristics (ROC) analysis, a method widely applied to diagnostic test evaluation and recently applied to validation of regression models (Brooker et al. 2002b ). The gold standard threshold used for the S. haematobium model was ≥0.5, which enabled an assessment of the accuracy of the selected S. haematobium model in delineating high priority areas where all at risk groups will receive mass treatment from lower priority areas where only school-age children will receive mass treatment. The gold standard threshold used for the S. mansoni model was ≥0.1, which enabled an assessment of the accuracy of the selected S. mansoni model in delineating areas receiving mass treatment from areas not receiving mass treatment. Neither the 0.1 threshold for the S. haematobium model nor the 0.5 threshold for the S. mansoni model could be tested because the validation dataset contained no schools with a S. haematobium prevalence less than 0.1 and only two schools with a S. mansoni prevalence greater than 0.5. The statistic used for the comparison was the area under the curve (AUC), which relates to the ROC curve, a plot of sensitivity versus one minus specificity, where values greater than 0.9 indicate an extremely well-fitting model, values greater than 0.7 indicate a moderately well-fitting model and values approaching 0.5 indicating a model that is no improvement on random allocation of test status.
Application of spatial predictions to an intervention plan
The SCI treatment programme does not discriminate between S. haematobium and S. mansoni infections as praziquantel is effective against both species. The prevalence surfaces for S. haematobium and S. mansoni were, therefore, combined to produce a single intervention map, where contours equating to median predicted prevalence of 0.1 and 0.5, 
Results
The observed spatial distributions of infection prevalence based on the 143 schools surveyed are presented in Figure 1 . The schools with the highest prevalence of S. haematobium infection were located south of Lake Victoria in Mwanza and Shinyanga regions whereas, for S. mansoni, they were located close to the shores of Lake Victoria, particularly in the south-western part of the lake.
Model selection and validation
The Bayesian spatial and non-spatial models for S. haematobium and S. mansoni are presented in Tables 1-2 . Using the DIC, the S. haematobium model containing the geostatistical component but no covariates was the best-fitting, most parsimonious model. Although the covariates were significant when included in the model without the geostatistical component, they became non-significant when it was included. The value of the decay parameter for spatial correlation (ϕ) was 0.2, indicating that a high degree of spatial correlation of S. haematobium prevalence was evident between locations with relatively large distances separating them (Figure 2 ).
The S. mansoni model with both environmental covariates and the geostatistical component was the best-fitting, most parsimonious model according to the value of the DIC statistic. The odds ratios indicated that locations adjacent to perennial water-bodies had a much higher prevalence than locations at intermediate distances, which in turn had a much higher prevalence than the reference category (locations at greater than 0.4 decimal degrees from the nearest perennial water body). There was also a positive association between S. mansoni prevalence and annual minimum temperature. In contrast to the S. haematobium model, the value of the decay parameter for spatial correlation (ϕ) was 2.8, indicating that spatial correlation of S. mansoni prevalence occurred over much shorter distances (Figure 3) .
Validation of the selected S. haematobium model using an observed prevalence threshold of ≥0.5 gave an AUC of 0.76 indicating a moderately good predictive performance of the selected model in the district from which the validation data were obtained. The AUC for the selected S. mansoni model using an observed prevalence threshold of ≥0.1 was 0.95, indicating an extremely good predictive performance.
Spatial predictions: Schistosoma haematobium
The outputs of the model are distributions indicating the likely range of values of prevalence at each prediction location and as such, give an indication of the uncertainty surrounding the predictions. Maps of the median and 95% Bayesian credible intervals for the posterior distributions of predicted S. haematobium prevalence are presented in Figure 4 . An area of high median predicted prevalence (>50%) was apparent directly south of Lake Victoria (but not adjacent to it). Most of the western part of the study area was predicted to have low median prevalence (<10%). On examination of the 95% Bayesian credible intervals, it was clear that S. haematobium is not likely to occur at levels above 10% in the northwest of the study area (Kagera region) and Urambo district. However, with the wide credible intervals in the south-western part of the intervention area (Kigoma region), predictions could not be made with a sufficient degree of certainty in that area.
Spatial predictions: Schistosoma mansoni
Maps of the median and 95% Bayesian credible intervals for the posterior distributions of predicted S. mansoni prevalence are presented in Figure 5 . According to the median prediction, all high-prevalence areas (>50%) were located adjacent to the shores of Lake Victoria, particularly along the southern shore and the islands in the southern part of the lake. Intermediate prevalence was predicted along the shores of other perennial water bodies (e.g. Lake Tanganyika) and the eastern and western shores of Lake Victoria. Examination of the 95% Bayesian credible intervals demonstrated a high level of certainty that S. mansoni occurs at a high prevalence along the southwest shore of Lake Victoria and the islands in the southwest part of the lake, but that high prevalence may also occur adjacent to other parts of the lake and other water-bodies, despite a low to intermediate median prevalence prediction. It also demonstrated with a high level of certainty that a low prevalence of S. mansoni occurs at large distances from perennial water bodies (e.g. in Tabora and Shinyanga regions). Examination of an interpolated surface of the median posterior values of θ i , the geostatistical component of the model, may give an indication of the factors that have an important role in determining the distribution of S. mansoni that were not included in the model ( Figure 6 ). Interestingly, the area of low residual S. mansoni prevalence approximates the area of high S. haematobium prevalence.
Intervention plan
The intervention map, combining both predicted S. haematobium and S. mansoni risk, is presented in Figure 7 . Wide credible intervals in the spatial predictions were mainly apparent in the districts in Mara and Kigoma regions from which no schools were sampled. As all of Mara region was placed in the intervention zone, no further evidence was considered necessary, but as all of Kigoma region fell outside the intervention zone, it was decided not to exclude Kigoma without conducting further data collection and model validation in this region. Additionally, it is believed that no transmission of S. mansoni occurs in Lake Tanganyika and model validation in Kigoma region will include an assessment of S. mansoni prevalence along the lake.
Discussion
As new initiatives for the control of helminths and other parasites are underway there is a need to geographically stratify areas by risk to guide treatment interventions. Fulfilment of this requirement has been facilitated by developments in GIS/RS and spatial analytical methods. Our study employed statistically robust Bayesian geostatistical models to predict the spatial distributions of S. haematobium and S. mansoni infections in northwest Tanzania, enabling the targeted implementation of an on-going national schistosomiasis control programme. To the authors' knowledge, this is the first report where spatially-explicit analytical methods have been applied to every stage of the planning and implementation of a large-scale infectious disease control programme.
The application of Bayesian modelling in the current study conferred considerable advantages over traditional, frequentist modelling approaches, in that the spatial dependence structure of the observed data was able to be incorporated in the modelling process in an intuitive and interpretable way and the uncertainties surrounding the predicted prevalence estimates could be fully appreciated, enabling objective decisions to be taken as to the need for further data collection. Failure to account for spatial correlation in the data can lead to inflated significance of regression coefficients and overestimation of the confidence of predictions (Thomson et al. 1999) , whereas uncertainty in geographical data may be associated with adverse consequences arising from erroneous decisions taken using the data. Agumya and Hunter (2002) discussed a number of ways in which the decision risks associated with geographical data uncertainty can be managed, including avoidance, reduction, retention and transfer of risk. We took a risk-avoidance approach by deciding not to rely on model predictions in areas where the Bayesian credible intervals suggested that schistosomiasis could be a problem despite low posterior median estimates of prevalence.
In the non-spatial model for S. haematobium and the spatial and non-spatial models for S. mansoni, temperature, rainfall and distance to perennial water bodies were important predictors of either or both parasites. These statistical relationships are consistent and interpretable with the known biology of freshwater snails, the intermediate hosts for schistosomes: S. haematobium is transmitted by snails from the genus Bulinus and S. mansoni is transmitted by the genus Biomphalaria (Brown 1994; Sturrock 1993) . Bi. choanomphala in Lake Victoria and Bi. sudanica, which is found adjacent to the lake, are the main intermediate snail hosts of S. mansoni in the study area (Lwambo et al. 1999 ). This distribution of Biomphalaria spp. hosts explains, at least in part, the high prevalence of S. mansoni in schools at the lakeshore and the low prevalence away from the lakeshore. In contrast, S. haematobium has three snail intermediate hosts in the area: Bulinus nasutus, Bu. africanus and Bu. globosus, which occupy a mosaic of habitats throughout the area such that transmission of the parasite is widespread (Webbe 1962) . Malacological studies have demonstrated that the population dynamics of both Bulinus spp. and Biomphalaria spp. are sensitive to temperature and rainfall (Sturrock 1993; Appleton 1978; Brooker & Michael 2000) .
It is well recognised that schistosomiasis, like many parasitic diseases, has a focal distribution that is associated with spatial correlation in observed parasitological data. The importance of accounting for spatial correlation was highlighted by the fact that the coefficients for the predictors in the S. haematobium model became non-significant and although remaining significant, the credible intervals surrounding the coefficients in the S. mansoni model were much wider after accounting for spatial correlation. Incorporation of the spatial dependence structure of the data made it apparent that, despite the known biological importance of the environmental covariates, the statistical relationships in the non-spatial models were not supported by the data and spurious significant relationships between the covariates and prevalence would have been accepted had spatial correlation not been considered. The different range of spatial correlation for the two species of schistosome at least partly reflects differing ecologies of the two parasites, most probably due to the different environmental requirements of their respective intermediate hosts.
The statistical technique used in the current study required that a number of assumptions be made -the most significant of which is that the spatial correlation structure does not vary across the study area (the assumption of stationarity), although methods have been developed recently to deal with non-stationarity in a Bayesian geostatistical framework (Gemperli 2003) . Additionally, the method used has not been extended to incorporate potential anisotropy (i.e. where spatial correlation is stronger in one or more directions). The main practical drawback of the approach used in the current study in comparison to previous (non-Bayesian) efforts remains the relative complexity and computational difficulty of Bayesian modelling, despite advances such as Gibbs sampling, improved computer hardware with ever-faster processors and the development of the freely-available WinBUGS programme.
An important issue is data quality and the relationship it has with the accuracy of predictions and, ultimately, the population-level impact of the intervention on the outcomes of interest (in our case, reducing morbidity, mortality and the socioeconomic consequences of schistosomiasis). Often, spatial analyses are conducted retrospectively using data from a range of different sources, collected during surveys that have divergent goals (e.g. the MARA/ARMA database (MARA/ARMA 1998)) and the data are therefore not optimal for the purpose of disease mapping. In the current study, spatial analysis and disease mapping were considered as integral components of the planning process and the study and sampling designs were specifically aimed at obtaining statistically efficient, high-quality data for the production of accurate prevalence maps. One potential outcome of demonstrating the practical benefits of high-quality maps to a large scale control programme such as SCI is that future programmes will pay more attention to the need for collecting optimal data for subsequent spatial analysis.
As well as employing a more robust analytical approach to predict disease prevalence, an important aim of disease-mapping in the current study was to define target populations for a national schistosomiasis control programme. However, disease mapping is one of a number of alternative approaches that may be employed to achieve this aim. These alternatives include targeting all individuals without any attempt to define high and low prevalence areas, lot quality assurance sampling (where the minimum number of individuals required to give an assessment of whether prevalence is above a pre-determined "trigger" threshold, with a given confidence, is sampled in every location) (Brooker et al. 2005b) , targeting all communities within a specified distance of a known infection source (e.g. Lake Victoria for S. mansoni) (Brooker 2002 ) and the use of morbidity questionnaires (for self-reported urinary schistosomiasis) (Lengeler et al. 2002 ). An important area of further research to support (or refute) the credibility of spatial analysis and disease-mapping as tools for planning large-scale interventions is to compare them to the alternative methods described above using economic criteria, such as those used in cost-effectiveness analyses. With each alternative, the relative costs (e.g. monetary costs, human resources and time) and the relative efficacy (in terms of the proportion of locations correctly classified, a function of the sensitivity and specificity of each method) need to be balanced in the context of the wider logistic and operational issues. It will also be important to determine how different targeting approaches alter the allocation of financial resources at local levels and whether this substantially affects the health impact of the programme.
In conclusion, geographic targeting has tremendous potential to enhance the costeffectiveness of national disease control programmes. Bayesian geostatistical analysis has proved a powerful and statistically robust tool for identifying high prevalence areas in a heterogeneous and imperfectly-known environment. The maps we derived using these methods are now being employed at the district level in Tanzania to deliver the intervention where it is needed most. 
Appendix 2. Spatial predictions
A set of prediction locations was specified according to a 0.05×0.05 decimal degree square grid where the raw data suggested that most of the spatial variation of each infection occurred and a 0.1×0.1 decimal degree square grid covering the rest of the study area, where little or no infection was apparent. Grid dimensions were calculated according to computational limits and to give a meaningful prediction density for the intervention. The values of the predictor variables were then determined for each of the prediction locations using ArcMap version 8.1.
Predicted prevalence was calculated for each prediction location using the Bayesian model that gave the lowest DIC statistic and the "Spatial.unipred" function of WinBUGS (1) Intervention map for northwest Tanzania with prevalence contours defining areas to be excluded from mass treatment (prevalence of Schistosoma mansoni or S. haematobium <0.1), areas to receive mass treatment of school-age children (prevalence of S. mansoni or S. haematobium >0.1) and areas to receive priority for mass treatment (prevalence of S. mansoni or S. haematobium >0.5), including possible targeting of other high-prevalence groups in addition to school-age children. Table 2 Bayesian models for prevalence of Schistosoma mansoni in northwest Tanzania, based on 
